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Introduction
Zika virus (ZIKV) is a vector-borne disease that is transmitted among humans through the bite of infectious Aedes mosquitoes. ZIKV is a member of the Flaviviridae family, and genus Flavivirus. The symptoms of ZIKV infection are usually mild and similar to those of other arboviral infections such as dengue including fever, macopapular rash, conjunctivitis, myalgia, and headache [1] . In most infected people the disease is benign. However, in some cases ZIKV infection may result in serious complications such as Guillain-Barré syndrome, microcephaly and maculopathy [2] [3] [4] . To the date of this study, there are no vaccines or antiviral therapy readily available for ZIKV infection [5] . However, this could be feasible in the future [6] .
In April 2015, a ZIKV outbreak was reported in Brazil, and subsequently in several Latin American and Caribbean countries. By 3 August 2017 *217,000 confirmed ZIKV cases, and *3,400 cases of associated congenital syndrome had been reported to the Pan-American Health Organization [7] . Current research on ZIKV activity has rightly focused upon the disease epidemic stage [8] and its consequences. The next big question is whether Zika will become endemic in Latin America and the Caribbean (LATAM), and what are the potential health and economic burdens.
Although it is impossible to ascertain whether ZIKV will become endemic in LATAM, a recent study based on a numerical epidemic model predicts that the virus will eventually become endemic [9] . The lack of vaccines for ZIKV [5] , the environmental suitability of the region [10] , and the endemic status of other arboviruses that share the same vector (e.g. dengue fever) also suggest that such an endemic state is plausible.
One key aspect for the control of mosquito-borne diseases is vector control. Past experience indicates that aggressive control of Aedes mosquitoes using traditional insecticide-based measures is effective only if implemented in a comprehensive and sustained manner [11] . This may be difficult due to public resistance, lack of expertise, and finance [11, 12] . A recent metareview on the effectiveness of Aedes control strategies has found that this type of vector control does not seem to be associated with long-term reductions of mosquito populations [13] .
Physical control measures against the vector such as house screens, and the environmental modification or sanitation of larval sites may also be effective [14] ; however, these measures may be unavailable to poor residents in crowded urban areas where the impacts of ZIKV are greatest [5] .
Recent studies have mapped the potential global scale range of ZIKV based on combinations of environmental, vector abundance, and socioeconomic factors [10, 15] . One limitation of the method used by these studies is that it maps the environmental suitability which does not necessarily imply that the disease will occur in that area [10] . This issue is critical because experience from similar diseases indicates that such modelling approaches tend to overestimate the geographical areas where disease could occur as they cannot take into account the complex local factors that determine whether potential risk actually translates into disease [16] . An alternative approach is a statistical analysis based on spatially-explicit monthly reports of confirmed ZIKV cases; a difficult task due to the limited time period for which reliable human spatially-explicit case reports are available for LATAM [17] [18] [19] .
We overcome these limitations by using human dengue case data across LATAM as a surrogate for ZIKV. The advantage of this approach is that it is based upon knowledge on where disease transmission from mosquito to humans occurs in reality. One challenge, however, is that reported disease counts are a fraction of the true incidence (it has been estimated that for each official dengue report *10-27 cases go unreported [20] ). We argue that this approach is valid because the dengue virus shows remarkable similarities to ZIKV. For example, both viruses have single positive stranded RNA genome encoding three structural proteins (C, prM/M and E), and seven non-structural proteins (NS1, NS2A, NS2B, NS3, NS4A, NS4B, and NS5); are vectored by Aedes mosquitoes; and seem to have similar infectious and viral replication mechanisms [21] .
Moreover, phylogenetic analyses have shown that ZIKV is closer to dengue virus than to any other flavivirus [22] . As a consequence of such similarities, there is cross-reaction of antibodies to dengue with ZIKV [23] . Not surprisingly, previous ZIKV modelling studies are largely based upon dengue parameters [8, 24] . We acknowledge, however, that whilst there is only one ZIKV serotype, there are four different dengue serotypes which do not confer protective immunity against all serotypes [6] . Thus, while Zika could infect an individual only once, dengue could cause disease repeatedly which poses a key difference in the ecology and epidemiology of these two diseases.
The aims of our work are three-fold. Focusing upon the post-epidemic period of ZIKV, we first examine the likely incidence of ZIKV in childbearing women across LATAM and the potential number of microcephaly and Guillain-Barré syndrome (GBS) cases. Second, we identify areas where ZIKV transmission may be sporadic and hence remains epidemic re-emerging every few years. Finally, we quantify how case numbers are likely to fluctuate in affected areas due to seasonal and meteorological effects such as an El Niño (ENSO) event.
Materials and methods

Epidemiological surveillance data
Monthly counts of laboratory confirmed dengue cases were obtained from the Mexican [25] , and Brazilian [26] Ministries of Health for the period January 2001 to December 2012 (144 months). Together, these two countries cover a latitudinal range between 30˚N and 30˚S, and account for over 60% of the reported dengue cases and *53% of the LATAM population. Our dataset consists of nearly 4 million dengue reports (Brazil 88%, Mexico 12%). The Mexican dataset was obtained at the State level (n = 32, mean population = 3.2 million people), whilst the Brazilian dataset was obtained at the municipal county level (n = 5,566, mean population = 0.47 million people). Missing counts were imputed for municipalities with less than 20% missing entries using a singular value decomposition-based method [27] , included in the bcv package [28] for R [29] . Areas with over 20% missing counts (n = 4,177) were removed from the dataset. Brazilian municipal counties are considerably smaller in area and population than the Mexican States. Such small areas were typically characterized by low counts of cases. We aggregated the Brazilian municipal counties into larger geographical units by dividing the centroid coordinates into 286 latitude-longitude intervals, and merging all counties with centroid coordinates within each latitude-longitude bin together. The merged areas (n = 286, mean population = 0.45 million people) were used for analysis.
Whilst the presence of four dengue serotypes is an important difference with ZIKV that we acknowledge, it would be impossible to disentangle the dengue epidemiological surveillance data to obtain four different time series, one for each serotype. The ratio of dengue to ZIKV cases is hard to estimate due to the limited period for which ZIKV data are available. Given that the transmission dynamics of ZIKV and dengue are similar when observed in the same setting [30] , for simplicity, we initially assumed that each confirmed dengue report is equivalent to a ZIKV case (1:1 ratio). To account for uncertainties in this assumption, we also considered scenarios where the ZIKV to dengue ratio varied between 0.1:1 and 10:1.
Meteorological data
High-resolution gridded datasets of monthly global mean temperature, total precipitation, and potential evapotranspiration (PET) data [31] were obtained from the CRU TS3.24 Climatic Research Unit climate archives at a 0.5 × 0.5 degree resolution for land cells only, and for the period January 1991 to December 2015. Moving averages were computed for the current and previous two months to account for the delayed effects of temperature, precipitation, and PET on incidence [32] . Mean temperature, mean PET, and total precipitation estimates for each administrative unit in the study were calculated using the extract method included in the R [29] raster package [33] .
Demographic data
Global gridded total population count estimates were retrieved at a 2.5 arc minutes resolution from the Gridded Population of the World project [34] at five year intervals for the period 2000-2010. For consistency with the meteorological data, demographic data were aggregated at a 0.5 × 0.5 degree resolution using the Climate Data Operators software [35] . Total population estimates were scaled to agree with the United Nations World Population Prospects yearly population estimates [36] . Monthly estimates for each grid-box were derived using linear interpolation [32, 37] . The estimated population for each geographical unit included in the study was then calculated using the extract method included in the R [29] raster package [33] . Crude birth rates per country were also retrieved from the United Nations World Population Prospects [36] .
Model specification
The expected number of Zika virus infections E(Y it ) for area i = 1, . . ., I at time t = 1, . . ., T was modelled using a generalized additive mixed model (GAMM) approach. To account for possible over-dispersion in the data, we fitted Negative Binomial and quasi-maximum likelihood Poisson models. We selected the model specification with the lowest mean absolute error (MAE). The general algebraic definition of both the Negative Binomial and quasi-maximum likelihood Poisson models is given by:
where η it is a logarithmic link function of the expectation E(Y it μ it ), with Y it as the time series of monthly dengue reports. The term α corresponds to the intercept; Log(ξ it ) denotes the logarithm of the population at risk for area i and time t included as an offset to adjust the epidemiological data by population. Here, t 0 is a cubic regression spline function of the time variable with 1 degree of freedom (df) for every M years of data to control for possible long-term trends. Seasonal trends are modelled using Fourier terms (s 0 ) with N sine/cosine pairs. Longterm and seasonal trends in all variables in the model are controlled for because they may be related to factors other than climate [38] such as changes in reporting or coverage, holidays or seasonal water storage. The term f(x it ) corresponds to smoothed relationships between the climatic predictors and the crude incidence rate defined by the cubic regression splines. Areaspecific random effects (d i ) were included to account for the effects of unknown or unobserved variables in the model such as diagnostic performance variability, immunity, and intervention measures.
Selection of climatic predictors
A time series cross-validation (TSCV) algorithm [39] was implemented to select the set of climate predictors producing the lowest prediction error. TSCV was preferred over k-fold or leave-one-out cross-validation algorithms because epidemiological surveillance time series are typically serially correlated [40] violating the assumptions that data are independent and identically distributed. Models were fitted using all climatic predictors (i.e. mean monthly temperature, mean monthly PET and total monthly precipitation) in isolation, as well as in all possible combinations. Therefore, we successively fitted all possible models containing one climatic predictor at a time, then two predictors at a time, and so on, until all predictors were included altogether in a single model. We measured the accuracy of each model calculating their MAE. The MAE was selected as the measure for model accuracy because it is a natural and unambiguous measure of average error magnitude [41] .
TSCV was implemented dividing the dataset into a training and a test sets. The initial training set comprised 90% of the total number of months (n = 144). Each time step (k), a further month of data was added to the training set. Thus, at time step k = 1, the training set comprised observations for month t = 1, . . ., 130; at k = 2 it comprised observations for t = 2, . . ., 131, and so on. The test set comprised the first observation for each geographical area immediately after the last observation in the training set. Consequently, at time step k = 1, the test set contained all area-specific observations for t = 131; at k = 2, it contained all observations for t = 132, and so on until the test set contained the observations for month t = n; where n is the total number of months in the dataset. The MAE was calculated at each time step k = 1, . . ., K, and for each subset of climatic predictors h = 1, . . ., H as in the following matrix: The MAE for each modelled subset (henceforth MAE k,h ) was calculated by averaging the subset-specific values (h) across all time steps (k). With this process, we aimed to identify the most accurate model or group of models.
Specification of the long-term and seasonal trends
TSCV was used to identify the specification of long-term and seasonal trends with the lowest MAE k,h . Specifically, we modified the number of df per year (ranging from 1 df for every two years of data to 1 df for every four years) for the cubic spline function of time, as well as the number of sine/cosine pairs for the Fourier terms (ranging from three to six). All possible combinations of long-term and seasonal trends were explored.
Model predictions for Latin America
Cross-validated model outputs were used to predict the total number of ZIKV infections for an average month, a typical ENSO month, a strong El Niño (based on the 1997-1998 and 2015-2016 events) [42] , and a typical non-El-Niño month across LATAM under the assumption of a 0.1:1, 1:1 and 10:1 ZIKV to dengue ratios. To account for uncertainties in the underreporting of the health data, we multiplied the predicted number of cases for a given geographical area by a factor of 10, 18.5 or 27 [20] . Model predictions were computed using mean monthly gridded climatic and population data at a 0.5 × 0.5 degree resolution for each of the aforementioned periods. ENSO events are defined here as periods where the 3-month running mean of the Oceanic Niño Index is greater than 0.5˚C. The length of an ENSO event was the length indicated by the USA National Weather Service, Climate Prediction Center [43] plus three months to account for potential delayed effects on the local climate. Country-wide totals were retrieved using standard routines within the raster [33] R package.
Estimating the risk of neurological sequelae and their economic impact
Model estimates of mean monthly cases were downscaled by the proportion of cases occurring in childbearing women (i.e. 15-44 years of age) based on the proportion of cases per gender and age reported to the Mexican Ministry of Health over the period 2010-2012 [25] . The number of cases in childbearing women was then used to estimate the potential number of ZIKVaffected pregnancies by multiplying them by the corresponding country-specific crude birth rates [36] . The risk of microcephaly due to ZIKV infection during the first trimester of pregnancy was calculated using the 0%, 50% and 100% percentiles of the distribution of the range of values estimated for the risk of microcephaly due to infection in women aged 15-44 (i.e. 0.88-14.4) [44] to account for uncertainties on our estimates. Similarly, the potential number of GBS cases in both males and females was estimated using the 0%, 50% and 100% percentiles of the distribution of risk estimates of GBS per 1000 ZIKV infections based on previous research conducted in French Polynesia and LATAM [3, 45] .
The economic impact of the estimated number of cases with neurological sequelae was estimated based on the direct medical cost of each microcephaly and GBS case [46] . Thus, the estimated mean annual number of microcephaly (X) and GBS cases (Y) for each administrative unit (i) was multiplied by the estimated medical cost per case based on previous research [46] . The direct medical cost of each microcephaly case (δ) was assumed to be USD 91,102 whilst that of each GBS case (γ) was assumed in USD 28,818 [46] . The total economic impact of the neurological sequelae was estimated as follows:
Identification of epidemic-prone regions
Epidemic-prone areas were defined as areas where the month-to-month relative standard deviation (RSD) of the model estimates is greater than the mean for a given grid box. The RSD is defined here as the ratio of the standard deviation (σ) to the mean (μ). We defined epidemic areas as those where the RSD of the estimated number of cases was larger than one, and highly epidemic areas where this ratio was greater than 1.5 [47] .
Results/Discussion
Previous studies have used combinations of environmental, vector abundance, and socioeconomic factors to map the environmental suitability for ZIKV [10, 15] . However, the fact that a region is environmentally suitable for transmission does not necessarily imply autochthonous transmission will necessarily occur in that area [10] . Recent research suggests that such modelling approaches overestimate the geographical areas where disease is likely to occur [19] . The lack of long-term spatially-explicit monthly reports of confirmed ZIKV cases for LATAM [17] [18] [19] poses serious difficulties for the development of alternative approaches based on ZIKV epidemiological surveillance. To overcome these limitations, we used one of the largest panels of epidemiological surveillance dengue case time series for LATAM as a surrogate for ZIKV. Compared to models aimed to predict the environmental suitability for ZIKV, our approach has the advantage of being based upon knowledge of where disease transmission really occurs.
Model output
We fitted 23 different model specifications to test all possible combinations of climatic predictors long-term and seasonal trends whilst assuming a ZIKV-dengue ratio of 1:1. The TSCV algorithm applied to the dengue-derived ZIKV data (henceforth ZIKV data) favoured a Negative Binomial GAMM with a MAE k,h of 105 cases per month that included temperature lagged zero to two months (T 0:2 ), and PET lagged zero to two months (PET 0:2 ) as climatic covariates. Precipitation lagged zero to two months was not included in the final model. The incorporation of an interaction term between T 0:2 and PET 0:2 did not increase the predictive ability of the model, and so it was not included in the final model. After performing a sensitivity analysis testing different specifications for the df of long-term and seasonal trends, the long-term trends in the final model were specified with a cubic regression spline with three df, and the seasonality was specified with a Fourier term with three sine and cosine functions of time. The final model explained 79.5% of the deviance in the health data. The structure of the final model was then used to compute estimates based on both 0.1:1 and 10:1 ZIKV-dengue ratios. S1 Fig compares the observed and predicted temporal trends in the number of cases for each country. We noted that the final model's predictions (and their corresponding error estimates) capture quite closely the temporal variations observed in the observed data with some underestimations in both countries related to major outbreaks that could be related to location-specific non-climatic factors (e.g. human behaviour and interventions) not explicitly accounted for in the model [16] .
GAMMs are essentially a nonparametric method; therefore, it is difficult to express their results using mathematical equations. Instead, the GAMM-estimated smoothed relationships between ZIKV incidence, T 0:2 and PET 0:2 are presented in S2 The estimated effect is consistent with the biology of both the vector and ZIKV because rising temperatures shorten the development time and gonotrophic cycle of the vector, and increase its biting rate; also, they reduce the time required for viral development inside the vector all of which results in an increased risk of transmission [42, 48] . S2B Fig indicates that there is a log-negative relationship between ZIKV incidence and PET 0:2 with the risk of infection drastically decreasing between one and three mm per month and remaining low after that threshold. We were unable to identify studies investigating the effects of PET on ZIKV or Aedes mosquitoes. However, previous research using anopheline data [49] has shown similar relationships between PET and vector abundance with low levels being more conducive of vectorial activity than high PET levels, and so increasing the risk of disease transmission. High temperatures and low humidity levels have been found to reduce the oviposition rate and life span of Aedes mosquitoes [50] .
Model predictions for Latin America and the Caribbean
We then used the model output to predict the mean monthly number of cases across LATAM for a typical year at a 0.5 × 0.5 degree resolution. A sensitivity analysis was performed to compute predictions under the assumption of a 0.1:1, 1:1, and 10:1 ZIKV to dengue ratio to explore the uncertainties in our assumptions of the relationship between the estimated number of ZIKV and dengue virus infections. Based on such sensitivity analysis, we estimate that should ZIKV become endemic *12 million (range: 713 thousand to 162 million) ZIKV cases could occur across LATAM every year (Table 1) . About 4 million of those cases (range: 99 thousand to 85 million) are expected to occur in childbearing women (15-44 years of age) annually. The country-level estimates suggest that Brazil will experience the largest disease burden (60%); more than six times the estimated burden for Mexico (7%) or any other LATAM country (Table 1) . Other countries such as Colombia, Mexico, Venezuela, Cuba and Peru are also expected to experience large numbers of ZIKV infection.
The risk of ZIKV infection has been estimated to be larger in South America than in any other part of the world [42] . Brazil will experience the largest disease and economic burden particularly in the south-east and north-east where ZIKV infections are currently the highest in the country [1, 51] . This is not surprising given that Brazil has the largest population in LATAM (%205 million), and its climate is conducive for year-round transmission across large urban and rural areas. Other countries with large ZIKV values are Colombia, Mexico, Venezuela and Cuba where high risk of infection has been previously estimated [8, 19, 42] . Some differences were observed in the ranking of the countries most affected by ZIKV when we compared the estimated the number of cases and the number of affected pregnancies. One notable feature of these results was Cuba which was fifth in terms of overall infections in childbearing women but ninth in terms of pregnancies due to low crude birth rate [8] . Fig 1 shows the mean annual case predictions and indicates that the highest case estimates correspond to low elevation coastal areas of Brazil, Southern Mexico, the Caribbean, the Pacific coast of Central America, Ecuador, Colombia and Venezuela likely because the abundance of Aedes spp. mosquitoes declines sharply at elevations above 1,700 metres above sea level [52] due to the effect of low temperatures on the biology of the virus and the mosquito. Particularly large case numbers are expected in south-eastern and north-eastern Brazil, the Mexican Isthmus, Cuba, Puerto Rico, northern Colombia, and northern Venezuela. The estimated spatial distribution of cases agrees with observations of ZIKV infection in the region [1] , with previous studies estimating the environmental suitability [10, 19, 53, 54] and risk of arboviral infection [8, 42] , and with records of other arboviral diseases in LATAM [55] [56] [57] [58] [59] .
Although not explicitly accounted for, urbanisation plays a major role in the occurrence of Aedes-related diseases as it increases its larval habitats [60] . Recent studies indicate that the presence of Aedes mosquitoes and ZIKV incidence is larger in urban than in rural areas [60, 61] . Our predicted geographical distribution of cases agrees well with such studies as the higher number of cases are predicted to occur in areas where population densities are high. Two distinctive seasonal cycles are observed in the predicted ZIKV cases. Fig 2 shows the estimated seasonal cycles for the six countries with the highest predicted ZIKV burden. In the southern hemisphere the high transmission season is between April and June (e.g. Brazil, and Peru), whilst in the northern hemisphere it peaks between September and November (see After the epidemic: Zika virus projections for Latin America and the Caribbean Mexico, Colombia, Venezuela and Cuba) in agreement with previous studies [62] . A bimodal seasonal cycle is observed in Colombia which may be related to a bimodal annual cycle of precipitation observed in the central and western regions [63] . Although precipitation was not included in the final model, by including PET 0:2 , we have accounted for some of its effects on ZIKV incidence. It is reminded that through evapotranspiration, atmospheric moisture returns to land as rainfall [64] . Factors such as intervention measures could also play a role in defining the seasonal trends of ZIKV transmission, yet have not been explicitly accounted for in the model.
Our modelling framework also allowed us to investigate spatio-temporal changes in ZIKV occurrence. We estimate that in the Southern hemisphere, ZIKV transmission could extend to *35˚S between February and May, contracting thereafter to *30˚S (see S1 Video in Supplementary material). In the Northern hemisphere, transmission remains stable up to *20˚N most of the year, expanding to *30˚N between July and November.
Risk of neurological sequelae
GBS is an acute immune-mediated muscle weakness that affects the peripheral nervous system leading to paralysis that has been attributed to ZIKV infections [3, 65] . Assuming a risk of GBS between 0.24 and 31.78 cases per 1000 ZIKV infections [3, 45] , and a ZIKV-dengue ratio of 0.1:1, 1:1, and 10:1, we estimate *64 thousand GBS cases per annum (range: 0.2-51596 thousand) across the LATAM region. Given that the Asian lineage is related to brain developmental abnormalities [66] , and that it is the lineage present in LATAM, we also estimated the potential number of microcephaly cases. Based on the crude birth rates per country [36] , we estimate that *61 (3-807) thousand pregnancies (Table 1) could be affected by prenatal ZIKV transmission (i.e. ZIKV infection of the mother at some point during pregnancy). Assuming that only first trimester ZIKV infections may cause microcephaly, and a risk of microcephaly due to infection of between 0.88% and 14.4% [44] , we estimate that *5 (0-116) thousand children could develop microcephaly yearly in LATAM. With an estimated direct medical cost of USD 28,818 per GBS and of USD 91,102 per microcephaly case per lifetime [46] , the ZIKV-related neurological sequelae would add an economic burden of USD *2.3 (USD 0-159.3) billion each year. The large confidence intervals indicate that the economic impact is largely sensitive to selected zika to dengue ratio. This sensitivity has major implications for surveillance systems and public health preparedness to adequately respond to the presence of neurological sequelae.
There are uncertainties in our estimates of neurological risk. First, available data on the risk of GBS and microcephaly due to ZIKV infection are limited, especially in areas where the infection rates are unknown [44] posing problems for the use of country-specific risk factors. Second, the risk of microcephaly has dramatically increased in some locations over the past year [67] suggesting that the risk estimates should be revised relatively often. Third, the introduction of a vaccine and its combination with effective control measures could reduce the risk of infection and hence the risk of neurological sequelae.
Epidemic-prone regions
Under the assumption of endemicity, there are areas that will likely remain epidemic due to intermittent or short transmission seasons. Our model identified the Mexican Plateau, the Andean foothills, and parts of northern Paraguay as highly epidemic (Fig 3) . Some areas with regular transmission also showed a high RSD. Cold regions (< 20˚C) are marginally permissive for vector development and viral transmission [48] . Populations in these areas are likely to have low herd immunity due to low transmission intensity and viral density [68] increasing their likelihood of succumbing to epidemics. Childbearing women would therefore be more at risk in epidemic-prone areas due to low herd immunity. Areas with regular transmission may also be epidemic-prone due to outbreaks occurring earlier or later than usual with unusual high peaks in seasonal transmission as a consequence [47] . These changes may be related to variability in environmental, socioeconomic or meteorological factors [69] .
ENSO effects
A typical ENSO event is likely to increase the monthly case load across most of LATAM. Fig 4 shows the areas where increases in transmission are expected during a typical ENSO. Epidemic areas such the Andean foothills in Ecuador and Peru may show increases between 1.2 and 2.5 times the average case load of a typical non-ENSO period. During a strong ENSO event (e.g. 1997-1998 or 2015-2016), many more regions are expected to experience large increases (1.2-2.5 times the average case load during a non-ENSO period) in ZIKV cases including southeastern Mexico, Honduras, Nicaragua and the western lowlands of South America. Previous studies indicate that ENSO could increase the risk of ZIKV infection due to an amplification effect by providing conducive conditions for transmission [42] particularly during strong events, and so ENSO may be an important driver of inter-annual variation in ZIKV transmission [70] .
Limitations
Our spatially explicit projections of ZIKV risk for LATAM provide useful information for public health preparedness. However, there are several caveats that ought to be mentioned. First, our estimates are based on the occurrence of a different organism (i.e. dengue virus) which, despite its remarkable similarities with ZIKV, has important differences [21] that may affect our results. One key difference is that there are four dengue serotypes while there is only one ZIKV serotype (subdivided into two lineages and three genotypes) [71] . None of the dengue serotypes confers protective neutralizing antibody responses against all four serotypes [6] . Thus, a single person may succumb to dengue more than once in a lifetime. ZIKV, however, induces a humoural antibody response that seems to confer lifelong immunity against reinfection, although this assumption still needs to be confirmed [72] . The assumption of a lifelong immunity to ZIKV indicates that once individuals (succumbing to the disease only once in a lifetime) become immune they also become unavailable for future infections. This situation means that recurring outbreaks would necessarily be related to the remaining susceptible individuals in a population, in addition to newly born hosts. Another important difference After the epidemic: Zika virus projections for Latin America and the Caribbean between the two viruses is the presence of a sexual transmission mode in ZIKV [73] . Sexual transmission could occur from asymptomatic or symptomatic individuals through genital, oral, or anal intercourse; and from male-male, male-female, and female-male contact [72, 73] . Not only sexual transmission does not occur in dengue, but also it is not driven by temperature and PET which are the main transmission drivers in our disease model. The extent to which sexual transmission can modify disease occurrence across time and space is unclear and requires further investigation.
Second, recent research has shown that the ecological niches of dengue and ZIKV are significantly different, with the niche of ZIKV expanding more than that of dengue [19] . Therefore, the potential distribution of ZIKV could expand a greater geographical area than that predicted by our model [19] . Third, our results do not account for the potential deployment of a vaccine which would significantly reduce the risk of ZIKV infection. Recent studies suggest that two ZIKV vaccine prototypes recently entered a phase-1 human-safety testing [74] and an epitope-focused vaccine for viruses in the so-called ZIKV-dengue super serogroup could be developed soon [22] . However, large-scale efficacy trials and the mass production of such a vaccine may still be years away [75] .
Fourth, in the absence of long-term datasets for compareable viruses, we have based our estimates of ZIKV on one of the largest and more spatially diverse dengue datasets (accounting for over 60% of the reported cases across LATAM); however, local socioeconomic determinants of disease (e.g. access to protective measures, intervention deployment, urbanisation indices, and international travel data) in countries not included in our dataset may significantly alter disease occurrence [16] . This issue is important because socioeconomic factors vary at fine scales for political or administrative reasons and so our model could over or under estimate the risk of infection in some regions. This fact highlights the need for spatially explicit, high-resolution, publicly available epidemiological and socioeconomic time series data for LATAM.
There are remarkable genomic and epidemiological similarities between dengue virus and ZIKV [21, 22] . Based on such similarities, we have used a detailed panel of time series of contrywide dengue reports as a surrogate for ZIKV infection to estimate the potential health and economic burden across LATAM under the assumption of endemicity. The geographic distribution of other vector-borne diseases sharing the same vector [53, 54] , the lack of a vaccine [5] , the absence of effective vector control measures [11] , and the environmental suitability of the region [10] suggest that ZIKV will likely become endemic throughout LATAM in the near future. This hypothesis concurs with a recent study that on the basis of a numerical model predicts that the virus will eventually become endemic [9] . Recent declarations from the WHO also suggest that ZIKV infection will become endemic [76] . We produced to our knowledge, the first high-resolution spatially-explicit projections of future ZIKV cases under the assumption of endemicity. Across LATAM, our projections suggest that ZIKV may impose a health burden of *12 (1-162) million cases per year, *69 (0-5276) thousand of which are likely to have major neurological sequelae. The economic burden imposed across the LATAM region amounts to USD *2 (0-159) billion per year, and this may increase up to *2 times in the aftermath of a strong ENSO event particularly in epidemic areas where public health systems are unprepared for major outbreaks. These projections can inform public health preparedness and response, and offer an opportunity to enhance capabilities in LATAM. 
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